Abstract. Liquefaction-induced hazards such as sand boils, ground cracks, settlement, and lateral 13 spreading are responsible for considerable damage to engineering structures during major earthquakes. 
Introduction

6
The prediction of liquefaction potential and assessment of liquefaction-induced hazards are two 7 significant and closely related problems. The former aims to determine whether the soil becomes 8 liquefied after an earthquake, whereas the latter not only needs to predict whether liquefaction-induced 9 hazards occur after soil liquefaction but also assess the severity of different hazards induced by 10 liquefaction. The prediction of liquefaction potential in foundation soils is only the first step in 11 assessing liquefaction hazards. This has been well studied in recent decades, such as by simplified Toprak et al. 1999 ) based on historical data. What is more important to engineers is the effect of 16 liquefaction-induced hazards on foundations or superstructures after seismic liquefaction, although 17 relatively few studies have focused on this issue (Juang et al. 2005 ). 18 Field evidence of liquefaction-induced hazards in historical earthquakes mainly consists of sand boils, 19 ground cracks, the settlement and tilting of structures, and lateral spreading failures. Several methods 20 have been proposed to quantify these hazards, including numerical simulations, laboratory tests, and 21 field testing. Although recent advances in physical model experiments and the computational modelling 22 of liquefaction-induced ground deformation are quite promising, there are some critical unresolved 23 problems. For instance, without a perfect physical numerical model for totally describing the 24 complicated mechanic characteristics of soils, it is expensive and difficult to obtain and test high-quality 25 undisturbed samples of loose sandy soils. Therefore, empirical liquefaction models based on historical 26 earthquake databases are best suited to providing a simple, reliable, and direct means of assessing 27 earthquake. The primary objective of this paper is to use Bayesian network (BN) methods to integrate 23 soil liquefaction, LPI, the four types of hazards (ground cracks, sand boils, lateral spreading, and The remainder of this paper is organized as follows. In Section 2, we explain why the BN method is 5 used to assess the hazards induced by seismic liquefaction. The construction of a BN model for 6 liquefaction-induced hazards is presented in Section 3. Section 4 describes the case study used to verify 7 the effectiveness and robustness of the BN model against an ANN model and Ishihara and Yoshimine's 8 simplified method (Ishihara and Yoshimine, 1992) , and defines the performance indexes used in the 9 comparison. In Section 5, the advantages and results of the BN model are discussed in comparison with 10 those of the ANN model and the LPI method. In Section 6, the BN model is applied to evaluate the 11 hazards induced by liquefaction in the 2011 Tohoku earthquake in Japan. Section 7 discusses the results 12 obtained in this study, and Section 8 presents our conclusions and ideas for future work. 13 2 Why use a Bayesian network? 14 The assessment of liquefaction-induced hazards is a complex engineering problem because of the 15 heterogeneous nature of soils, the large number of factors involved, and the uncertainties associated 16 with these factors. The existing methods were either developed statistically or could only assess one 17 type of hazard, such as settlement or lateral spreading. Additionally, they do not consider the effects of 18 uncertainties on the model performance, especially the purely data-driven approaches, which ignore the 19 effects of empirical knowledge or domain knowledge on the assessment of liquefaction-induced hazards. 20 However, the latest developments in BN technology can combine empirical knowledge and historical 21 data to provide new opportunities to develop better tools for complex problems in probabilistic terms, 22 such as the problem of liquefaction-induced hazards. BNs are one of the most effective theoretical 23 models for knowledge representation and reasoning under the influence of uncertainty and highly 24 non-linear relationships among variables (Pearl 1988). Firstly, BNs offer a rational and coherent theory 25 under the condition of various uncertainties (e.g. uncertainties in parameters, models, and domain 26 knowledge) and complexities that are described in terms of subjective beliefs or probabilities to reflect 27 the interdependent relationship between variables. Moreover, they can integrate different types of 28 domain knowledge and multi-source information or various quantitative and qualitative factors into a 29 consistent system, and facilitate multiple hazards and their interdependencies within a single model. In Web of Science database) increased from 3 to 50 (as shown in Fig. 1 ). In the past five years, BN 13 technology has become popular with engineers and researchers for the assessment of risk. BN 14 techniques are known to be a robust method for risk analysis. 15 16 
BN model for liquefaction-induced hazards
Probabilistic reasoning of BNs
17
BNs combine graph theory and statistics using arcs or links with conditional probabilities. The inference 18 algorithms are based on the Bayesian rule, chain rule, and conditional independence rule as follows:
20
21
where P(Y) is the prior probability, P(X|Y) is one's belief in hypothesis X upon observing evidence Y, 23 which is known as the posterior probability, and P(Y|X) is the likelihood that Y is observed if X is true. lateral spreading). The whole process of earthquake liquefaction-induced hazards can be described as 22 follows: at the beginning of an earthquake, the earthquake parameters, soil characteristics, and field 23 conditions are considered as control variables, and their prior probabilities are calculated by parameter 24 learning. The posterior probability of the output variable (e.g. LP) can then be inferred to estimate 25 whether an event could be triggered. If the event occurs, its conditional probability is replaced by the 26 posterior probability, which is considered as the evidence variable for input. Finally, a posterior 27 probability of the latter event (e.g. LP) is calculated using the new conditional probability of the former SPT data to obtain a conditional probability expectation (E) step followed by a maximization (M) step until the algorithm has converged. In the E highways, bridges, harbour facilities, and other infrastructure components.
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The grading standard of liquefaction and liquefaction-induced hazards according to domain knowledge 28 is presented in Table 2 , e.g. LPI is divided into four grades according to Iwasaki (1982) , . SLH is divided into four grades according to disaster experience in the field of engineering, as described in Table 3 . According to the descriptions of SLH, a statistical 1 summary of liquefaction-induced hazard data is presented in Fig. 6 . It can be seen that (1) 
Performance indexes
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In this section, to comprehensively evaluate the performances of the two probabilistic models for 27 liquefaction-induced hazards, several performance indexes are introduced. These are the Accuracy,
28
Prediction, Recall, area under the curve of the receiver operating characteristic (AUC of ROC), and 29 Brier score. The details of these indexes are described as follows. indicates that 90% of the data can be correctly classified. However, it does not mean that the accuracy 3 of each class is 90%; the accuracy of one class may be high, whereas that of the others may be very low. 4 Therefore, evaluations of predictive capability based on Accuracy alone can be misleading when a class 5 imbalance exists in a dataset. Indexes such as the Precision, Recall, and AUC of ROC should be used to 6 further measure the performance of each class for a model or classifier. 7 The Recall refers to the probability of detection of a class and measures the proportion of correctly less useful, because it cannot detect significant positive instances, especially in terms of risk assessment, 13 where security and warning are major concerns. A good classifier should detect more positive instances 14 and with relatively high prediction accuracy, have high Recall and acceptable Precision. 15 The ROC curve is a graphical plot given by the false positive rate (the proportion of all negatives that indicating better precision. Therefore, the bigger the AUC of ROC value, the better the prediction 21 performance of the classifier. 22 The Brier score (Brier 1950 ) is used to measure the quality of probabilistic forecasts for discrete events. 23 Suppose that on each of n occasions, an event can occur in only one of r possible classes. On the ith 24 occasion, the forecast probabilities that the event will occur in classes 1, 2,3, , r are 12 , , , . ij E takes a value of 1 or 0 according to whether the event occurred in class j or not. For instance, in the case study described in this paper, 110 SPT borings are used for 1 testing (n = 110), SLH has four classes (none, minor, medium, and severe; r = 4), and a probability or 2 confidence statement ( ij f ) is given for each SPT boring instance. The Brier score ranges from 0-2, 3 where B = 0 denotes a perfect prediction and B = 2 denotes the worst possible prediction. simplified I&Y method, but the simplified approach gives a specific value (as shown in Fig. 8 ), rather 26 than an interval value or probability. In addition, the simplified method is constructed using only the Based on the developed BN model, the probabilities of the liquefaction-induced hazards were inferred 6 through causal reasoning. The third column in Table 5 lists the posterior probabilities of all grades of LP, 7 LPI, and its induced hazards. It can be seen that when the input variables regarding earthquake 8 parameters, soil characteristics, and field conditions are unknown, the probabilities of all grades of each 9 output variable are similar, except for LS and SB, which have a serious imbalance in the data of 10 different grades. However, when a site is determined to be liquefied and the probability of a positive LP 11 status becomes 100%, the fourth column shows that the probabilities of LPI = 'none' and all hazards 12 decrease to some extent while the probabilities of other LPI states and all hazards increase significantly. 13 Furthermore, if the site is seriously liquefied, the probability of LP = 'yes' and LPI = 'serious' becomes 14 100%, as seen in the fifth column of Table 5 . The probabilities of all grades (except 'none') for all 15 hazards continue increasing, with GC occurring with 66.1% probability, serious sand boils occurring 16 with 69.6% probability, big LS occurring with 9.5% probability, big settlement occurring with 49.8% 17 probability, and severe SLH occurring with 64.1% probability. This shows that liquefaction-induced 18 hazards are much more severe at seriously liquefied sites. Macro-liquefaction phenomena, such as GC 19 and serious SB, are also observed, and the probabilities of the 'big' status in other hazards continue to 20 increase slightly, as seen in the sixth column of epicentral distance is near, the PGA is higher, the soil type is sand with some fine particles, the D50 value is medium, the SPT number shows that the sand is loose, the σv' value is small, the groundwater 1 table is shallow, and both the depth and thickness of the sand layer are moderate. The reasoning 2 probability value of LP is 99.9%, LPI is identified as serious with 43.8% probability, and GC has a 3 51.4% probability of not occurring, which does not match the survey results. According to the input 4 information, SB is identified as 'many' with 76.5% probability, LS is identified as 'none' with 85.0% 5 probability, settlement is identified as 'big' with 53.1% probability, and SLH is identified as 'severe' with 6 52.6% probability. The site is then determined to be a liquefied area with serious liquefaction degree, so 7 LP should be 100% and the probability of LPI = serious should also be 100%. The probabilities of all 8 hazards will also change. GC occurs with 100% probability, which matches the survey results, LS is 9 identified as 'none' with 100% probability (an increase of 15%), settlement is identified as 'big' with 10 100% probability (an increase of 46.9%), and SLH is identified as 'severe' with 100% probability (an 11 increase of 47.4%). 13 To detect situations that are more likely to result in severe damage, the most probable explanations of Table 6 . It can be seen that loose 16 silty sand (medium D50) containing moderately fine particles deposited shallowly (small σv') on a site 17 with a low underground water level is more likely to suffer from liquefaction following a super 18 earthquake of moderate duration and moderate epicentral distance. The most probable explanations for 19 GC and SB = 'many' are the same as those for LP under conditions of serious or moderate soil 20 liquefaction, but the most probable explanations for LS = 'big' and S = 'big' are slightly different from 21 those of LP in terms of PGA and soil type. The reason is that LS = S = 'big' requires more seismic 22 intensity than occurrences of sand boils and ground cracks, and sand flows more easily and undergoes 23 greater compression after liquefaction than sand containing fine particles. In addition, LS = S = 'big' is 24 often accompanied by many sand boils, whereas ground cracks may or may not occur. The above results 25 agree with the analysis results in Fig. 7 . In addition, if the soil characteristics, field conditions, and 26 hazards are known, the earthquake intensity (magnitude of earthquake, duration of earthquake, PGA, 27 and epicentral distance) resulting in liquefaction-induced hazards can be estimated using the backward 28 inference ability of the BN method, which provides some references for aseismatic design. deposit, and the thickness of the soil layer are more important than the other factors, because they are 15 present for more than three items. In these five factors, a combination of SPTN and the earthquake Consequently, liquefaction-induced hazards, e.g. settlement and lateral spreading, can be estimated. 20 Therefore, to mitigate seismic liquefaction-induced hazards, we can neglect the relative density of sandy 21 soil, as the depth of the sandy soil deposit and the thickness of the sandy soil layer are the crucial 22 factors. between LPI and the types of liquefaction-induced hazards has not been examined systematically, it is 8 possible that there may be a qualitative relation to some extent. 9 Comparing the BN method with the ANN method, although both use supervised learning, the BN 10 method is a generative model, whereas the ANN method is a discriminative model. Therefore, the BN 11 method can obtain the joint probability distribution of the parameters, enabling it to describe 12 distributions of data in statistical terms and drawing on a strong probabilistic theory. This results in an 13 objective interpretation and faster computation times than discriminative models such as the ANN showed that loose silty sand or sandy soil (medium D50) containing moderated fine particles deposited 19 shallowly (small σv') on a site with a low underground water level is more likely to suffer liquefaction 20 and the resulting hazards in the event of a super earthquake of moderate duration and epicentral results provide guidelines as to which sites should be prioritised, rather than dealing with all sites at which liquefaction has occurred, thus reducing the costs of disaster response. In future work, more 1 historical data will be collected to update the conditional probability 
Diagnostic reasoning using the BN model
Sensitivity analysis of liquefaction-induced hazards
Medium
Moderate liquefaction. There is a medium sand boil phenomenon, which has a short duration, small gushing quantity and small scale, the quantity of surface subsidence is less than 3% of the sand layer thickness that can cause structural damage, and tiny cracks in the ground occur, but there is no lateral spreading.
Severe
Serious liquefaction. There is a serious sand boil phenomenon, which has a long duration, large gushing quantity and wide scale, surface largely crazes, and lateral spreading and severe subsidence affect structures'
services. The quantity of surface subsidence is more than 3% of the sand layer thickness. Table 7 . Sensitivity analysis of seismic liquefaction-induced hazards. 
